Abstract -One of the major challenges in array-based medical ultrasound imaging is the image quality degradation caused by sidelobes and off-axis clutter, which is an inherent limitation of the conventional delay-and-sum (DAS) beamforming operating on a finite aperture. Ultrasound image quality is further degraded in imaging applications involving strong tissue attenuation and/or low transmit power. In order to effectively suppress acoustic clutter from off-axis targets and random noise in a robust manner, we introduce in this paper a new adaptive filtering technique called frequency-space (F-X) prediction filtering or FXPF, which was first developed in seismic imaging for random noise attenuation. Seismologists developed FXPF based on the fact that linear and quasilinear events or wavefronts in the time-space (T-X) domain are manifested as a superposition of harmonics in the frequency-space (F-X) domain, which can be predicted using an auto-regressive (AR) model. We describe the FXPF technique as a spectral estimation or a direction-of-arrival problem, and explain why adaptation of this technique into medical ultrasound imaging is beneficial. We apply our new technique to simulated and tissue-mimicking phantom data. Our results demonstrate that FXPF achieves CNR improvements of 26% in simulated noise-free anechoic cyst, 109% in simulated anechoic cyst contaminated with random noise of 15 dB SNR, and 93% for experimental anechoic cyst from a custommade tissue-mimicking phantom. Our findings suggest that FXPF is an effective technique to enhance ultrasound image contrast and has potential to improve the visualization of clinically important anatomical structures and diagnosis of diseased conditions.
delay-and-sum (DAS) beamforming operating on a finite aperture. Several techniques have been developed to overcome such a limitation of DAS by reducing sidelobes and clutter and improve image quality. For example, coherence-based techniques including the generalized coherence factor (GCF) [1] , the phase coherence factor (PCF) [2] , and the short-lag spatial coherence (SLSC) [3] have demonstrated notable improvements in ultrasound image contrast. In addition, a family of apodization-based techniques originating from the dual apodization with cross-correlation (DAX) has also been developed to enhance image quality [4] [5] [6] [7] [8] [9] [10] .
Another important factor that determines the ultrasound image quality is the signal-to-noise ratio (SNR). For a given level of random electronic noise, the SNR is determined by the strength of the received signal, which is inversely proportional to the center frequency of the transmitted pulse and the distance traveled. Hence, there is an inherent tradeoff between the spatial resolution and the penetration depth. The problem of low SNR becomes even more pronounced in clinical imaging applications involving soft tissues having high attenuation coefficients, such as muscle, fat, and breast because of the strong attenuation that the transmitted pulse is subjected to. Also, some ultrasound imaging techniques inherently have the limitation of low SNR. For example, synthetic aperture ultrasound imaging has recently gained great interest because of its ability to achieve two-way focusing at all depths without sacrificing the frame rate [11] . However, one of its main shortcomings is the low SNR associated with its low transmit power as it uses only one transducer element per firing [11] , [12] . Another example in which the SNR is significantly compromised is tissue harmonic imaging (THI), which forms images based on the second harmonic, rather than the fundamental, content of received echo signals. THI is widely used in clinics today because it has been proven useful in delineating endocardial borders, visualization of cardiac chambers and abdominal structures, as well as in detecting subtle lesions in the breast and the thyroid [13] [14] [15] . However, THI suffers from low SNR as it forms images based on a fraction of the transmitted pulse energy that are converted to second harmonic signals, which are weaker than the fundamental signals by more than 10 dB [16] .
In this paper, we employ a new adaptive filtering technique called the frequency-space (F-X) prediction filtering (FXPF) to suppress acoustic clutter and random noise in medical ultrasound imaging. We have recently presented some of our initial simulation results on FXPF [17] and we extend this work to conduct a more comprehensive evaluation and analysis of our new technique in this paper. The rest of the paper is organized as follows: In section II, we present the theoretical background for FXPF. In section III, we describe our simulation and tissue-mimicking phantom experiments to evaluate the performance of FXPF. In section IV and V, we present and discuss our results. Lastly in Section VI, we conclude our paper and lay out future work.
II. THEORY

A. F-X Prediction Filtering
In the field of seismic imaging today, F-X prediction filtering is recognized as one of the most well-established techniques for random noise suppression. FXPF was first developed by Canales [18] and further advanced by other researchers to improve its robustness [19] - [20] It is also more commonly referred to as F-X deconvolution among seismologists. In this section, we give a mathematical formulation for FXPF and explain why FXPF is suitable for acoustic clutter and random noise suppression in medical ultrasound imaging. Interested readers may consult Refs [19] , [21] , [22] , and [33] for more information on FXPF.
When a single point target in a homogeneous medium is insonified by a focused ultrasound beam from an aperture consisting of X elements, the received channel RF signals form a linear wavefront with a zero slope (i.e. a horizontal wavefront) across the aperture after proper time delays are applied. On the other hand, if the point target is located at an off-axis position from the focused ultrasound beam, the resulting channel RF signals form a linear wavefront having a non-zero slope after proper time delays are applied. Random electronic noise simply appears as random signals in the channel RF signals. Let g be the pitch of the transducer array, ψ be the slope of the linear wavefront across the aperture, and s t (x) be the received ultrasound radio frequency (RF) signal at time t recorded at transducer element x with x = 1, 2, . . . , X. If the first channel RF signal, s t (1) is known, then the subsequent channel RF signals, s t (x + 1) can be formulated as:
xsxs Equation (1) states that the RF signal on the (x + 1) th element, s t (x + 1), is a time-delayed version of the first channel RF signal, s t (1) . Applying Fourier transforms to both sides of equation (1), we obtain:
where f is the temporal frequency. Note that time delays in the channel RF signals in equation (1) are now expressed as phase shifts in the frequency domain as shown in equation (2) . Let a f 0 (1) = e −i2π f 0 gψ in equation (2), then we obtain, for a specific temporal frequency f 0 , the following linear recursion:
This recursion is also known as an auto-regressive (AR) model of order one [18] . Using this model, it is possible to recursively predict S f 0 (x + 1) from S f 0 (x). The formulation above can be generalized to model a more complicated imaging scenario in which multiple scatterers associated with different spatial positions are involved. We extend the AR model of order one to an AR model of order p to represent a superposition of p linear wavefronts in the aperture or the time-space (T-X) domain [24] , [25] :
The above equation from AR modeling suggests that the frequency-domain signal at the (x + 1) th channel, S f 0 (x + 1) can be perfectly predicted as a linear combination of those at the p preceding channels. Since equation (4) is a convolution, it can be written as:
where a is the prediction error filter of length p, m is the vector consisting of S f 0 (x), and d is the vector consisting of S f 0 (x + 1). Rewriting equation (5) as a matrix vector product:
where M is the convolution matrix consisting of m. To help better illustrate the steps, we expand equation (6) for a prediction error filter of order p = 4 as an example:
Although noise-free signals are assumed in the formulation above, channel RF signals are always contaminated with random electronic noise in practice. Hence, the prediction error filter a in equation (6) must be estimated from the noisy data d. In order to obtain an estimate of the prediction error filter, we minimize the prediction error energy:
where · 2 2 is the square of the Euclidean norm. Minimizing the objective function J in equation (8) by setting
An estimateâ of the prediction error filter a can be obtained as:
Note that a small stability factor μ may be added to the diagonal components of the matrix M T M to increase the stability of the matrix inversion. Also, by taking advantage of the Toeplitz structure of the matrix M T M, Levinson's recursion can be employed to solve equation (9) efficiently. Then, an estimated of the noise-free signal d can be obtained by applying the estimated prediction error filterâ to the noisy data M:d = Mâ.
Steps outlined in equations (4)- (11) are repeated for each temporal frequency over the bandwidth of the transducer to filter out any unwanted signals that are not modeled by AR modeling, such as the random noise. The filtered channel RF signals can then be obtained by taking an inverse Fourier transform of the spatial-prediction-filtered frequency spectrum of each channel. In practice, this procedure is applied to channel RF signals taken from an axial window of a predefined size, which is moved axially sample by sample until it covers the entire depth. In addition, since the prediction error filter in FXPF is adaptively estimated from the given channel data, it is possible to filter multiple times to achieve additional suppression of unwanted signals. Hence, we apply FXPF iteratively until a desirable performance level is reached. Although equations (1)- (11) describe FXPF based only on a forward AR model, a backward AR model can also be used. A backward AR model for FXPF can be formulated using the same approach as the forward AR model but in a reverse order of the transducer elements. In this paper, in order to increase the efficiency of the algorithm and avoid any prediction-direction-dependent bias introduced in the AR filter estimation, we use the average of the filtered data sets obtained independently from forward and backward AR models as the final FXPF-processed channel RF data.
B. F-X Prediction Filtering for Clutter Suppression in Ultrasound Imaging
It is worth noting that seismologists have developed and advanced FXPF mainly for the purpose of random noise elimination in seismic traces [18] [19] [20] [21] . In medical ultrasound imaging, a bandpass filter is typically applied to channel RF signals to remove unwanted random noise signals that appear outside of the transducer bandwidth. This means that random noise residing within the transducer bandwidth cannot be filtered out using a bandpass filter. However, by taking advantage of the information available in the spatial domain, FXPF can adaptively construct a spatial filter that operates on the frequency spectra of the channel data across the aperture to suppress random noise within the transducer bandwidth. In fact, the problem that FXPF attempts to solve falls under the broad category of the spectral estimation problem or finding the direction of arrival (DOA), which has been extensively studied in the signal processing and array signal processing communities [26] . This is because estimation of the spatial filter coefficients amounts to estimation of the frequencies of the sinusoids in the F-X domain, which depends on the direction of arrival of the signals in the aperture or the T-X domain.
This suggests that in the context of medical ultrasound imaging, FXPF can suppress random noise as well as any signals that are not AR-modeled by the p most dominant signals in the aperture domain. This may not be true when imaging only a single point reflector because both mainlobe and clutter signals would appear as a linear wavefront in the aperture domain that exhibits a certain spatial frequency. The former would appear as a flat, linear wavefront that gives rise to a DC component in the spatial frequency spectrum, while the latter would appear as a linear wavefront with a non-zero slope that gives rise to a higher spatial frequency component. This implies that both the mainlobe and the offaxis clutter contributions are not filtered out even by the lowest AR model order (i.e. p = 1) when imaging a single point target.
However, in the case of complex speckle-generating soft tissues in the human body, received RF signals are a result of a superposition of signals originating from tens of thousands of scatterers. The FXPF based on an AR model of order p attempts to estimate and construct a spatial filter that would pass only the p most dominant spatial frequencies and filter out the rest. The implicit assumption is that the on-axis coherent signals are the dominant signals that are approximated, at least locally, by an AR model of order p in the speckle region while the off-axis signals in the clutter region, though generally much weaker in amplitude and spread over the whole spatial frequency spectrum, are approximated as the p most dominant off-axis signals that would sum together destructively. Most of unwanted signals known to degrade ultrasound image quality, including off-axis acoustic clutter, reverberation clutter, and random noise are largely incoherent in their nature and thus, would be spread over the whole spatial frequency spectrum instead of the low spatial frequency region of the spectrum. Even phase aberration, which is typically partially coherent rather than incoherent, would introduce additional higher spatial frequency components as it distorts the wavefront. This suggests that while the desirable mainlobe signals are modeled, predicted, and preserved, much of the undesirable incoherent and even some of the partially coherent signals may be filtered out using the FXPF technique. Therefore, we expect that FXPF can help improve ultrasound image contrast by suppressing any undesirable signals that degrade ultrasound image contrast. In this paper, we focus on demonstrating the effectiveness of FXPF in suppressing off-axis clutter and random noise and reserve the performance evaluation of FXPF in the presence of in vivo reverberation clutter and phase aberration effects in our future work.
III. METHODS
A. Field II Simulations
We perform Field II [27] simulations to emulate one of the two parallel linear transducer arrays for our breast ultrasound tomography system [28] , [29] . The relevant simulation parameters are summarized in Table I . First, we conduct point target simulations to evaluate the improvements in the SNR and sidelobe/clutter level obtained using FXPF. We simulate RF data sets scattered off a point target at a sampling frequency of 150 MHz and decimate the data to 30 MHz prior to beamforming. We assess the performance of FXPF after adding random noise to individual channel RF data such that the beamformed RF SNR is 15 dB.
We also conduct lesion simulations having a hypoechoic, anechoic, and hyperechoic cyst lesions placed at an axial depth of 8 cm from the transducer array. We simulate RF data sets at a sampling frequency of 120 MHz and then decimate them to 7.5 MHz, which is the sampling frequency we use in our experimental study. The intrinsic contrast for the hypoechoic and the hyperechoic lesions are −12 dB and +12 dB, respectively. In addition to the cyst lesions, the simulated phantom also contains two point targets separated by a distance of 0.4 cm at an axial depth of 8.8 cm from the transducer array. We generate and add random noise to the channel RF data such that the SNR is 15 dB with respect to the beamformed RF signals from the background speckle region in the simulated phantom. We apply FXPF to data sets with and without random noise added and compare the results with standard DAS beamforming. In general, FXPF must be applied to small segments of channel RF data to ensure that wavefronts of interest appear locally linear. For all simulation and experimental results presented in this paper, we confine the axial segment to be one wavelength and choose a stability factor μ = 0.001 unless stated otherwise. We also empirically select a prediction error filter length of p = 4 (i.e. an AR model order of 4). Finally, we quantify and report the amount of image contrast enhancement using the contrastto-noise ratio (CNR) [30] :
whereS t is the mean of the target,S b is the mean of the background, σ b is the standard deviation of the background, and σ t is the standard deviation of the target of the envelopdetected, log compressed image in decibels.
B. Tissue-Mimicking Phantom Experiments
To validate the results from Field II simulations, we acquire a full synthetic aperture RF channel data set from a custommade breast tissue-mimicking phantom designed for our ultrasound tomography studies using the afore-mentioned linear array transducer and the Verasonics data acquisition system (Verasonics Inc., Redmond, WA). The phantom contains an 8 mm-diameter anechoic cyst target placed at an axial depth of 8 cm from the transducer array. We use a one-cycle transmit pulse having a center frequency of 1.875 MHz and a sampling frequency of 7.5 MHz for data collection. We apply a bandpass filter with a frequency range limited to the -6 dB bandwidth of the transducer on all individual channel RF signals. We perform delay-and-sum (DAS) beamforming on the acquired data set offline using a 128-element subaperture with a constant f-number of 1.5. We always use a fixed transmit focus at 8 cm where the anechoic cyst is located. Subsequently, we apply FXPF to the channel RF data prior to summing for random noise and acoustic clutter suppression.
IV. RESULTS
A. Field II Simulations 1) Point target simulations: Fig. 1 shows B-mode images of a simulated point target placed at an axial position of 8 cm. Fig. 1(a) depicts a DAS-beamformed image without random noise and Fig. 1(b) shows the same image with random noise of 15 dB SNR. Fig. 1 (c-e) shows images with one, three, and five iterations of FXPF. These images show that FXPF significantly suppresses a large amount of random noise that reduces image contrast. Although most of the random noise artifacts are iteratively suppressed with FXPF, a large amount of off-axis sidelobes and clutter remain intact even after five iterations of FXPF. This is an expected phenomenon and is briefly addressed in the previous section of this paper. Fig. 2(a) illustrates the SNR improvements associated with FXPF when random noise of 15 dB SNR is added to timedelayed receive channel RF data. Shown in black in Fig. 2(a) is the lateral beamplot for DAS beamforming without random noise, which serves as a control. Its clutter level settles at around −15 dB (blue) when random noise is added. This also confirms that the SNR is 15 dB. Shown in red, green, and magenta in Fig. 2(a) are the lateral beamplots for one, three, and five iterations of FXPF, respectively, which demonstrate the progressive SNR improvement with increasing number of FXPF iterations. Fig. 2(b) shows axial beamplots obtained from the lateral position of 0 cm that are equivalent to the plots shown in Fig. 2(a) . The axial beamplots confirm the progressive reduction in the random noise level with increasing number of FXPF iterations. Although a small increase in the axial beamwidth is observed with FXPF because of the finite sampling frequency, it is small enough to be negligible at a sampling rate of 30 MHz and is expected to further decrease if sampling frequency is increased. In addition, Fig. 2 suggests that the amount of SNR improvements with FXPF tends to be the greatest approximately in the first three iterations and gradually decreases in the subsequent iterations until it reaches convergence. Fig. 3 demonstrates the effect of FXPF on channel RF signals from a simulated point target. Fig. 3(a-c) compares the channel RF signals from the mainlobe (i.e. x image = 0 cm) without random noise (a), with random noise of 15 dB SNR (b) and after applying five iterations of FXPF (c). We show the RF signals from every fourth element for better visualization. Fig. 3(b) shows that random noise is superimposed upon the flat, coherent wavefront originating from the point target located at an axial position of 8 cm. However, Fig. 3(c) shows that FXPF largely eliminates the random noise components and preserves only the coherent wavefront. Similarly, Fig. 3(d-f) compares the channel RF signals from a clutter region (i.e. x image = −0.275 cm) without random noise (d), with random noise of 15 dB SNR (e) and after applying five iterations of FXPF (f). Since clutter signals from off-axis scattering are typically relatively small in amplitude, the random noise completely dominates and thus, the tilted wavefront in Fig. 3(d) is no longer visible in Fig. 3(e) . Therefore, FXPF suppresses virtually all the signals contained in the data as shown in Fig. 3(f) .
2) Lesion simulations: Fig. 4 compares noise-free simulated cyst lesion imagesfor DAS and different numbers of Table II .
In an environment where additive random noise is absent, acoustic clutter from off-axis scatterers shows up as fill-in inside the anechoic cyst and its CNR for DAS is 3.6. Image contrast for the anechoic lesion gradually improves with CNR values of 4.1, 4.6, and 4.6 for one, three, and five iterations of FXPF, respectively. When random noise corresponding to 15 dB SNR is added to the same data set, the CNR is reduced to 1.9 for DAS. Image contrast gradually improves again with CNR values of 3.0, 3.9, and 4.1 for one, three, and five iterations of FXPF, respectively. In both cases, the anechoic cyst lesion becomes much more visible and the cyst/speckle border becomes significantly sharper.
In contrast, the visibility of the hypoechoic and hyperechoic cyst lesions in the noise-free case shows small or no difference between before and after applying FXPF and their CNR values stay virtually unchanged with increasing number of FXPF iterations. The percent change in CNR after 5 iterations of FXPF for the low-contrast lesions is typically less than 5 % while that for the anechoic cyst lesion is much higher in the noise-free case. However, when random noise corresponding to 15 dB SNR is introduced, FXPF tends to suppress the signals within the hypoechoic cyst lesion and generate greater contrast than its intrinsic contrast of −12 dB. For example, when random noise of 15 dB SNR is present, the simulated hypoechoic lesion exhibits a contrast of −33.4 dB while the background speckle shows a contrast of -21.9 dB, resulting in a relative contrast of −11.5 dB, which is very close to its intrinsic contrast. Applying five iterations of FXPF then achieves a contrast of −64.1 dB in the hypoechoic lesion and −26.2 dB in the background speckle, yielding a relative contrast of −37.0 dB. This is an undesirable artifact which may occur in a low SNR environment where the noise level becomes comparable to or higher than the signal level within the hypoechoic cyst lesion. On the other hand, the effect of random noise on the hyperechoic cyst lesion is negligible because the noise level is much lower than the amplitude of the signals from the hyperechoic cyst lesion. Therefore, their CNR values remain unchanged with or without random noise. The two point targets located at an axial depth of 8.8 cm are unaffected by the random noise for the same reason and thus, their spatial resolution remains unchanged.
In order to visualize the effects of FXPF more clearly, Fig. 6 compares axial (a) and lateral (b-c) profiles of the Fig. 8 illustrates channel RF signals from noise-free simulated data. Fig. 8(a-b) compares the channel RF signals from a speckle region (i.e. x image = −0.8 cm) before and after applying FXPF. Similarly, Fig. 8(c-d) compares the channel RF signals from the anechoic cyst (i.e. x image = 0 cm) before and after applying FXPF. We show RF signals from every fourth element for better visualization. Most of the channel RF signals from a speckle region shown in Fig. 8(a) appear as coherent wavefronts and hence, they are preserved by FXPF as shown in Fig. 8(b) . On the other hand, channel RF signals from the anechoic cyst, which ranges from an axial position of 7.6 cm to 8.5 cm, appear as small amplitude incoherent signals because these are largely clutter signals coming from off-axis scatterers. Therefore, FXPF effectively suppresses these incoherent signals and preserves only the signals outside of the 7.6 cm -8.5 cm range as shown in Fig. 8(d) . A 10 % reduction in the average root-mean-square (RMS) energy of the individual channel RF signals between axial positions of 7.6 cm and 8.5 cm in the speckle region (i.e. Fig. 8(a-b) ) is observed as a result of five iterations of FXPF. On the other hand, a 50 % reduction in the average RMS energy of the individual channel RF signals taken from the same depth range within the anechoic cyst (i.e. Fig. 8(c-d) ) is observed, confirming that a significant amount of clutter contributions has been attenuated while the speckle signals have been largely preserved. Fig. 9 illustrates channel RF signals from the simulated cyst data with 15 dB SNR. Fig. 9(a-b) compares the channel RF signals from a speckle region (i.e. x image = −0.8 cm) before and after applying FXPF. Similarly, Fig. 9(c-d) compares the channel RF signals from the anechoic cyst (i.e. x image = 0 cm) before and after applying FXPF. We show RF signals from every fourth element for better visualization. Channel RF signals depicted in Fig. 9(a) are equivalent to those depicted in Fig. 8(a) with additive random noise. Because of the added random noise, some of the weaker coherent signals in Fig. 8(a) are no longer obvious in Fig. 9(a) . However, FXPF removes much of the random noise and accentuates the coherent signals as shown in Fig. 9(b) . Similarly, channel RF signals depicted in Fig. 9 (c) are equivalent to those depicted in Fig. 8(c) with additive random noise. The channel RF signals from the anechoic cyst, which ranges from an axial position of 7.6 cm to 8.5 cm in Fig. 9 (c), appear as small amplitude incoherent signals contaminated with random noise. Applying FXPF significantly suppresses these incoherent signals and preserves only the signals outside of the 7.6cm -8.5cm range as shown in Fig. 9(d) . While a 15 % reduction in the average RMS energy of the individual channel RF signals between axial positions of 7.6 cm and 8.5 cm in the speckle region (i.e. Fig. 9(a-b) ) is observed as a result of five iterations of FXPF, a 86 % reduction is observed for the individual channel RF signals taken from the same depth range within the cyst (i.e. Fig. 9(c-d) ). Again, this confirms that a significant amount of clutter and random noise contributions shown within the anechoic cyst has been attenuated while the speckle signals have been largely preserved. Compared with the noise-free case shown in Fig. 8(a-b) , applying FXPF to the data with additive random noise results in a more dramatic change in the channel RF signals from speckle shown in Fig. 9(a-b) . This is an expected outcome as random noise effects added to the channel RF signals from the speckle region are largely attenuated. Table II . Since the image is formed using a single synthetic aperture data set, its SNR is lower by a factor of the square root of the number of transmit elements when compared with an image obtained from an equivalent conventional system with transmit focusing [11] . Since we use a 128-element subaperture for beamforming, the decrease in SNR is equivalent to 20 × log 10 ( √ 128) = 21 dB. Therefore, the experimental data set we used to generate results shown in Fig. 10 can be considered to have already suffered a significant amount of random noise effect. This is also reflected in the CNR value of 1.7 for conventional DAS-beamformed image shown in Fig. 10(a) , which is similar to that of simulated anechoic cyst with 15 dB SNR. The image contrast gradually improves as shown in Fig. 10 (b-d) with CNR values of 2.7, 3.3, and 3.4 for one, three, and five iterations of FXPF, respectively. While some differences in the amount of CNR improvement exist between our simulation and experimental tissue-mimicking phantom results, the latter is generally in good agreement with and confirm the predictions made by the former. The axial and lateral profiles shown in Fig. 11 also confirm the CNR improvements as the signals within the anechoic cyst are gradually attenuated with more iterations of FXPF while the signals in the speckle region are virtually unchanged. Fig. 12 illustrates channel RF signals from the experimental tissue-mimicking phantom data. Fig. 12 (a-b) compares the channel RF signals from a speckle region (i.e. x image = −3.0 cm) before and after applying FXPF. Similarly, Fig. 12(c-d) compares channel RF signals from the anechoic cyst (i.e. x image = −1.95 cm) before and after applying FXPF. We show RF signals from every fourth element for better visualization. While FXPF filters out much of the incoherent random noise and off-axis clutter, it largely preserves the signals from speckle. In fact, a 2% decrease in the average RMS energy of the individual channel RF signals is observed for the speckle region (i.e. Fig. 12 (a-b) ) while a 92% reduction is observed for the individual channel RF signals originating from the anechoic cyst (i.e. Fig. 12(c-d) ). This is in good agreement with results shown in Figs 10-11.
B. Tissue-Mimicking Phantom Experiments
V. DISCUSSION
A. Effect of Prediction Error Filter Length
The prediction error filter length is an important parameter that can affect the performance of FXPF. Fig. 13 illustrates the change in SNR as a function of the prediction error filter length based on the Field II simulation of a point target described earlier. The results are obtained with five iterations of FXPF employing an axial segment of length equal to one wavelength. In the absence of random noise, the effect of prediction error filter length on the performance of FXPF is small as the SNR level is virtually unchanged for varying prediction error filter lengths (Fig. 13, black) . This is expected for a single point target as off-axis clutter signals still appear to be a linear wavefront having a fixed slope and hence, a fixed spatial frequency, which is estimated and preserved by FXPF. In the case of a speckle environment, clutter signals arrive from far more than p off-axis directions. Only the p most dominant clutter signals are preserved and the rest are suppressed. Therefore, the performance of FXPF would depend on the prediction error filter length even in the ideal speckle environment without random noise. When applied to the point target data with random noise of 15 dB SNR, FXPF always yields a SNR higher than the noise-free case regardless of the prediction error filter length. Although this may seem counter-intuitive, it is expected as the off-axis clutter signals become contaminated, and even dominated by random noise. FXPF achieves a high SNR level with a small prediction error filter length, and the SNR level exponentially decreases with increasing prediction error filter length (Fig. 13, red) . This suggests that FXPF is most effective with short prediction error filter lengths in random noise suppression. This also implies that a shorter prediction error filter would yield a greater incoherent signal (i.e. random noise and clutter) suppression in a speckle environment.
However, a short prediction error filter can make FXPF too aggressive and lead to a large suppression of coherent speckle signals as well. Therefore, in practice, there is a trade-off between coherent speckle signal preservation and incoherent signal suppression and it is important to find the optimal prediction error filter length that achieves the best image contrast. While an AR model with p = 1 models a single wavefront, an AR filter with a higher p value is generally desirable to account for the variations in the channel RF signals caused by specular reflection, and any imperfections such as delay quantization and sound speed in the beamforming process. A higher p value also better preserves signals originating from speckle regions away from the transmit focus. We find that p = 2 to 4, which approximately corresponds to the "corner" of the curve of the SNR vs prediction error filter length shown in Fig. 13 , yields good performance with our imaging configuration in speckle environment. We empirically select a prediction error filter of order p = 4 for all results presented in this paper to ensure that off-axis clutter and random noise signals are reduced while no or negligible amount signal suppression occurs in speckle.
It is also important to note that FXPF tends to suppress onaxis speckle signals away from the transmit focus as shown in Figs. 4 and 5. This is because the wavefronts away from the transmit focus are no longer linear but rather parabolic as the ultrasound beam diverges. Therefore, the AR model can no longer predict these signals accurately. One possible approach to at least partially remedying this problem would be to employ a depth-dependent prediction error filter length to reduce signal suppression away from the transmit focus but at the expense of reduced amount of contrast enhancement at that depth.
B. Effect of Number of FXPF Iteration
The iterative nature of FXPF allows for a progressive suppression of incoherent signals in the channel RF data. This is demonstrated by our simulation and experimental results presented thus far. In addition, we show how the CNR values for the simulated and experimental anechoic cysts change as a function of FXPF iteration number in Fig. 14 . The CNR improvement is greatest in the first few iterations and the CNR slowly converges to a fixed value in all cases. In this paper, we present our simulation and experimental results processed with a maximum of five iterations of FXPF.
C. Effect on Missing Data From Dead Elements
Ultrasound transducers consisting of an array of elements often possess weak and/or dead elements. These elements in array-based transducers in medical ultrasound imaging are highly undesirable as they can lead to degraded beam patterns and therefore, reduced image quality [31] . In addition, the presence of weak and/or dead elements may cause computation errors in some imaging and signal processing algorithms [32] .
An important aspect of FXPF to note is its ability to recover missing channel data via spatial prediction in the F-X domain. To demonstrate this feature, we randomly choose 20% of the total array elements (i.e. 384) and mute them in both transmit and receive to emulate an array transducer with dead elements. This effectively raises the sidelobes and clutter, which degrades the image contrast. The CNR values with dead elements are also summarized in Table II . Having dead elements on the array leads to a decrease in the image contrast in the anechoic lesion with a CNR of 2.9 for DAS as shown in Fig. 15(a) . The changes in the CNR values for the hypoechoic and the hyperechoic lesions, on the other hand, are very small because the strength of the clutter signals introduced by the dead elements are much smaller than the on-axis signals within the lesions.
When applied to the time-delayed receive channel RF data, not only does FXPF suppress incoherent clutter signals but it also recovers missing data from dead elements as shown in Fig. 16 . In other words, FXPF suppresses clutter/random noise and recover missing data from dead or weak elements simultaneously. This is FXPF's intrinsic capability because FXPF operates by predicting the signal on element x based on signals from elements preceding element x. If a dead element is present, FXPF would replace the muted signal with its best estimate of the waveform that should have been present on that element. In fact, prediction or interpolation in the F-X domain for the recovery of missing data is a well-known approach in seismic imaging. [33] . Hence, in addition to clutter and random noise suppression, FXPF has an extra benefit of recovering missing data from dead or weak elements. The improvement in image contrast in the anechoic lesion after applying one, three, and five iterations of FXPF are shown in Fig. 15(b-d) and their CNR values are 3.4, 4.0, and 4.2, respectively. With increasing number of FXPF iterations, the CNR value for the hypoechoic lesion also increases slightly while the CNR value for the hyperechoic lesion remains virtually unchanged. The hypoechoic lesion may become more anechoic with higher CNR in this case because the amplitudes of the off-axis signals inside the hypoechoic lesion increase as a result of the dead elements. Hence, the off-axis signals may become one of the p most dominant signal components and FXPF would no longer be able to filter them out. The off-axis signals are then destructively summed up and make the pixel darker. On the other hand, the off-axis clutter signals, though greater in amplitude, would have a negligible effect on the hyperechoic lesion because they are still much weaker than the on-axis signals inside the hyperechoic lesion. Since our primary goal in this paper is to demonstrate FXPF's capability for clutter and random noise suppression, a more in-depth analysis on the utility and accuracy of FXPF in recovering missing channel data is beyond the scope of this paper.
D. Potential Benefits for Other Aperture-Domain Techniques in Medical Ultrasound
It is worthwhile to emphasize that FXPF enhances image contrast by filtering the channel RF signals themselves to suppress acoustic clutter and random noise contributions. Many algorithms in medical ultrasound imaging including phase aberration correction [34] , coherence-based imaging/weighting techniques [1] [2] [3] , and adaptive beamforming techniques require computing some metric from channel RF signals and their performance can be compromised if the SNR of the channel RF signals is low. The accuracy of the estimated aberration profiles using phase aberration correction techniques may be adversely affected and the weighting factors for the mainlobe signals in coherence-based imaging/weighting techniques may be lowered if the SNR is low. Adaptive beamforming techniques such as the minimum-variance beamformer (MVBF), which adaptively calculate the aperture weightings based on signal statistics to achieve improved lateral resolution, are often sensitive to the noise level as well [36] . In a similar vein, the quality of ultrasound color flow images often suffers from clutter signals contributed by stationary and slowly moving tissues [36] . FXPF may be an attractive partner for these aperture domain beamforming and signal processing techniques as it can be first applied to obtain decluttered, denoised channel RF data, which can then help improve the accuracy of the aforementioned aperture domain techniques.
Finally, the inherent capability of FXPF to recover missing data from dead elements discussed in the previous section may be extended to sparse array imaging in which only a subset of the full aperture is utilized [37] and reducing image quality degradation caused by blocked elements [38] . A good example would be in cardiac imaging in which one or more groups of the array elements can be blocked by the rib. In both of these cases, FXPF would not only reduce random noise and acoustic clutter, but also estimate and recover the missing channel RF signals.
VI. CONCLUSIONS AND FUTURE WORK
In this paper, we have introduced frequency-space (F-X) prediction filtering (FXPF) as an effective filtering technique for acoustic clutter and random noise suppression in medical ultrasound imaging. We have validated the effectiveness of FXPF using simulated data as well as experimental data from a tissue-mimicking phantom. Contrast enhancement in terms of CNR with five iterations of FXPF for simulated anechoic cyst without random noise, simulated anechoic cyst with random noise of 15dB SNR, and experimental tissuemimicking phantom are 26%, 109% and 93%, respectively. We have also shown that FXPF is highly robust in preserving the speckle pattern with no or negligible level of trade-off in spatial resolution when an axial segment length of one wavelength and a prediction error filter order p = 4 are used.
Although our simulation results suggest that FXPF is prone to creating artifacts in hypoechoic lesions in a low SNR environment, its robust performance in anechoic, hyperechoic lesions and strong point targets embedded in speckle is its unique advantage over many other currently existing adaptive weighting methods which tend to create artifacts in hypoechoic and hyperechoic lesions as well as strong point targets. Another unique aspect of FXPF compared with currently existing techniques is that it employs an adaptive spatial filtering approach in the frequency-space domain to directly filter out the acoustic clutter and random noise from the channel RF data without having to create a weighting matrix. Furthermore, rather than estimating the coherence of the signals, FXPF takes advantage of the spatial predictability of linear wavefronts in the aperture domain, to enhance ultrasound image contrast. These unique aspects of FXPF open up a possibility for improving the performance of other aperture-domain signal processing and beamforming techniques that are sensitive to noise and clutter.
Finally, it is worthwhile to note the significantly higher computational burden associated with FXPF which operates on the received channel RF data in an iterative manner. Particularly, every pixel in the image requires a matrix inversion in estimating the prediction error filter for each temporal frequency and for each iteration. Despite the benefit of employing the Levinson recursion technique, which efficiently inverts M T M in equation (10) by taking advantage of its Toeplitz structure, the computational overhead is still significantly higher and thus, presents a challenge to real-time implementation in ultrasound imaging systems.
For future work, we will use additional simulation, experimental, and in vivo data sets to evaluate the effectiveness of FXPF in suppressing phase aberration and reverberation clutter effects.
